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Abstract: High-throughput biological technologies are now widely applied in biology and medicine, allowing scientists 
to monitor thousands of parameters simultaneously in a specific sample. However, it is still an enormous challenge to 
mine useful information from high-throughput data. The emergence of network biology provides deeper insights into 
complex bio-system and reveals the modularity in tissue/cellular networks. Correlation networks are increasingly used 
in bioinformatics applications. Weighted gene co-expression network analysis (WGCNA) tool can detect clusters of 
highly correlated genes. Therefore, we systematically reviewed the application of WGCNA in the study of disease di-
agnosis, pathogenesis and other related fields. First, we introduced principle, workflow, advantages and disadvantages 
of WGCNA. Second, we presented the application of WGCNA in disease, physiology, drug, evolution and genome an-
notation. Then, we indicated the application of WGCNA in newly developed high-throughput methods. We hope this 
review will help to promote the application of WGCNA in biomedicine research. 
Keywords: Weighted gene co-expression network analysis; high-throughput technology; disease; physiology; drug; 
evolution; genome annotation 
1. Introduction
With the emergence and development of high-throughput research methods, systematic description and analysis of
these high-throughput data and screening of important information are the basis for further research. With the increasing 
of various kinds of compositional data in biomedical research, extracting the key information from these massive data 
has become an important research topic. Until now, due to the neglect of functional networks, single molecule research 
is still the focus of attention. However, the progress of cancer system biology makes people realize the importance of 
functional network in the development of cancer. Coexpression Network Analysis of weighted genes in (Weighted ge 
Neco-expression network analysis (WGCNA) is based on the theory that molecules with similar expression patterns 
may participate in specific biological functions. It was originally proposed by Zhang and Horvath
[1]
. Because of its 
powerful analytical power, it has been widely used in biomedical research. 
The application of medical research is reviewed. 
Principle and analysis flow of 1 WGCNA 
1.1 Principle 
WGCNA uses the correlation coefficient of expression between molecules to measure their coexpression relation-
ship. The molecular expression modes in the same module are similar to those in other modules, but are different from 
those of other modules. Molecules with similar expression patterns may be involved in the same biological process or 
pathway. Therefore, the complex data can be simplified into several functional modules, which are associated with 
phenotypic information and can be found with biological significance. 
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1.2 Analysis process 
The process for WGCNA analysis of transcriptional data is as follows 
(figure 1) First, in order to build a credible network of co-expression genes, 
The data of gene expression profile should be normalized to ensure the comparability of gene expression profiles 
among samples. Secondly, the gene epigenetic correlation matrix is calculated. The correlation coefficient of gene I and 
gene j is sij= cor (ij), and the correlation matrix of gene expression is S = [sij]. S is weighted by power exponent aij= sij 
β 
(Adjacency matrix) A = [aij]. The constructed network has no directionality and is a nonnegative symmetric matrix, 
which is the basis of subsequent analysis. The third A is converted to topological matrix = [ω ij]. Topological matrix is 
very useful in biological network. 1- ω ij is used to define node dissimilarity degree (Dissimilarity), cluster analysis to 
identify network module. Then, the connectivity degree of the gene in the module block is (Intramodular connectivity. 
(2) Computation shows that genes with high connectivity may be key genes of modules. Finally, modules or key genes 
are associated with external information, such as clinical information, and biologically meaningful modules or key 
genes are mined. 
 
Figure 1; Flowchart of WGCNA analysis (modified by reference[1] 
Figure 1 The workflow for weighted gene co-expression network analysis (WGCNA). Kinds of matrix data even 
clinical data can be used as input for WGCNA. Then, pairwise correlation for each data point is calculated, which 
can be represented as a network of interest. Cluster analysis is used to identify modules within the network. The higher 
order organization of the modules can be identified. Module b ased analysis, such as hub gene discovery, gene ontology 
enrichment, transcription factor binding site enrichment, differential module expression, and gene function prediction 
using guilt-by-associati on can be performed. Finally, additional data such as GWAS data, SNP information, patient 
survival, and treatment response can be integrated to find biologically meaningful signals. 
1.3 Strengths and weaknesses 
Compared with unweighted gene network, WGCNA has many advantages
[2]
. First of all, it retains the connectivity 
of network nodes. The relationship between two nodes in an unweighted genetic network is represented by having or 
not, which results in the loss of information. Secondly, it has powerful analytical efficiency. The relationship between 
two nodes in an unweighted network is affected by the threshold selection. It can also be decomposed or approximated 
to a simpler network. The relationship between network parameters can be easily expressed. Finally, standard data min-
ing methods such as clustering analysis results can be transformed into weight networks. Algorithm opening The send-
er believes that at least 15 samples are required to fit this analysis. 
The disadvantage of WGCNA is that the correlation network is based on correlation coefficient and other data such 
as protein-protein interaction and methylation must be integrated to provide genetic regulation information. Sample 
heterogeneity is identified by shadow module, and tissue specific / conditional specific module signals may be thinned 
if the data comes from multiple tissues or pieces 
Interpretation, resulting in no effective identification. Therefore, to design the analysis according to the purpose of 
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the research, for example, when studying the module of housekeeping or organization sharing, we can use the data from 
different organizational sources, but to find the conditional specific module, we need to use the experimental data under 
different conditions. A minority of cells in the tissue whose gene coexpression signals may be masked by other cells, 
the best way is to use cell gene expression data for WGCNA. In addition, different data preprocessing and analysis pa-
rameters selection will lead to different results, such as different gene expression normalization, correlation coefficient 
calculation, clustering methods and so on. Finally, the more samples, the better the results; however, as the number of 
samples and genes increases, more computational resources are needed. 
2. Application of WGCNA in biomedical research 
2.1 WGCNA and disease research 
WGCNA has been applied to the study of disease mechanism, disease typing and prognosis (Table 1). Node mole-
cules in network modules are often key molecules in the function of modules and play an important role in the devel-
opment of diseases. Overexpression of these two microRNAs has been shown to inhibit cell growth and promote apop-
tosis. Abnormal cell cycle may be a molecular pathway leading to malignant prostate cancer. These results provide im-
portant clues for the pathogenesis of malignant prostate cancer. 
The genome of tumor cells is unstable and heterogeneous. Even histopathologically similar tumors may have dis-
tinct preconditioning. Web-based transcriptome analysis can effectively reduce the dimension of complex data and sys-
tematically describe the heterogeneity of tumor gene expression. WGCNA analysis was performed on 5 published tran-
scriptional data of 790 gliomas, including tumor typing and prognosis. 
The study found that 185 genes specific to proastrocytes were associated with the patient's long-term survival and 
could define proneuronal subtypes. 
Transcriptional data between human and mouse disease models are not directly comparable. How to fully exploit a 
large number of data in the database to find the conservation and difference between animal models and human diseases, 
and provide information for the scientific and reasonable use of animal models to study human diseases? Because of the 
differences of sample batches and statistical analysis methods, the genetic markers obtained from different studies are 
often different, which can not meet the needs of data analysis. WGCNA overcomes these defects. Can provide qualita-
tive (module members) and quantitative (modular members) for cross-species comparisons Studies on connectivity. Hu 
et al.
[5]
 showed that cross-species network analysis is a powerful tool for identifying key biological processes in tumor 
metastasis. 
In order to overcome the heterogenicity of fruit formation in different studies, Giotti et al.
[6]
 extracted the tran-
scriptional data of cell cycle genes from 4 different normal and tumor cell lines. It was found that the cell cycle modules 
were more conserved in different fine cells and could be divided into two different modules: G1/S-S and G2-M. This 
suggests that the integration of different datasets and the analysis of specific transcriptional groups can also provide 
useful information. 
2.2 WGCNA and normal tissue study 
Normal tissue function depends on the coordination of different types of cells, organelles and different molecules. 
The study of normal tissue gene epidermis network is helpful to the pathogenesis of disease. WGCNA can reduce 
high-throughput data to dozens of energy modules, and reveal the functional network organization map of individuals, 
tissues or cells in normal state by studying the relationship between modules (Table 2). 
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Table 1. Application of WGCNA in disease research 
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miRNA: microRNA; Cdca5: cell division cycle associated 5; Kif23: kinesin family member 23; EGFR: epidermal 
growth factor receptor; ER: estrogen receptor; Tpx2: targeting protein for Xk1p2; GWAS: genom E-wide association 
study; BACHD: bacterial artificial chromosome expressing Huntington's disease protein; LC-MS/MS: liquid chroma-
tography-mass spectrometry/mass spectrometry; Htt: Huntingtin; WGCNA: w Eighted gene co-expression network 
analysis; Defa: defensin α; ATP1B1: ATPase, Na / K transporting beta1; Tgfbr2: transforming growth factor receptor 
type2. 
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Table 2. Application of WGCNA in physiological research 
Mrpl15: mitochondrial ribosomal protein L15; Msh6: mutS homolog 6; Nrf1: nuclear respiratory factor 1; Nup133: 
nucleoporin 133 kDa; Ppif: peptidylprolyl Isomerase F; RbpJ: recombination signal binding protein for immunoglobulin 
kappa J region; Sh3gl2: SH3-domain GRB2-like 2; Zfp39: zinc finger protein 39; HMDP: hybrid mouse diversity panel; 
GWAS: genome-wide association study; eQTL: expression qua ntitative trait loci; CHO: Chinese hamster ovary; 
MAGED1: melanoma antigen family D, 1; Wnt: wingless-type MMTV integration site family; Sfrp1: secreted friz-
zled-related protein 1; uty: ubiquitously t ranscribed tetratricopeptide repeat gene, Y-linked; Kdm6a: lysine (K)-specific 
demethylase 6A; NMR: nuclear magnetic resonance. 
2.3 WGCNA and Drug Research 
Understanding the effects of drugs on human body and the reappearance of these effects in model organisms is one 
of the important contents of pharmacology. Fortney et al.
[22]
 analyzed the drug-drug similarity matrix by WGCNA, and 
classified the drugs with similar action patterns into modules. These modules can predict the new function of known 
drugs. Iskar et al.
[23]
 perform WGCNA analysis on transcriptional data of drug-treated human cell lines and rat livers. It 
was found that 70% of the modules were conserved in vitro and in rats. On this basis, they further verify the function of 
the factorial, and study the new mechanism of action of existing drugs, providing clues for drug relocalization of (Drug 
repositioning), such as a new cell cycle inhibitor, α -adrenergic receptor. Peroxisome proliferator activates receptors and 
estrogen receptor modulators. The identified modules reveal the effects of drugs on different cell lines and species 
The conservatism of the relationship, The mechanism of drug action was improved. Delahaye-Duriez et al.
[24]
 us-
ing WGCNA to discover the key gene coexpression module M30 shared by epileptic patients, combined with the drug 
action database Connectivity Map, to find out that valproic acid can down-regulate M30 expression. It is an effective 
drug candidate for the treatment of epilepsy. 
2.4 WGCNA and Evolution Research 
In order to characterize the difference of gene expression between human and mouse, Miller et al.
[25
] using 
WGCNA to analyze more than 1 066 microarray data of cerebrum, it was found that the gene epigenetic network of 
human and mouse diencephalon was conserved in general. All co-expressed gene modules in mice were also identified 
in the human brain. Of course, human specific modules have been identified in the human brain, including microglia 
modules related to the development of Alzheimer's disease, which contain genes for neurodegenerative diseases. The 
study found that the gene epidermis of human and mouse brain is conserved and different. Application of Encephalopa-
thy Mouse Model 
Oldham et al.
[26]
 compared the genetic connectivity between human and gorilla, and found that the cerebral cortex 
was less conserved than subcortical region. Filteau et al
[27]
 performed WGCNA analysis on gene expression in muscle 
and brain tissue of backcross progeny of lake white fish. In the process of zoobenthos and lake-marsh ecotypes, the 
modules of adaptive traits were identified, and the signals of bone morphogenetic protein and calcium were the com-
mon pathways involved in nutritional behavior, nutrient form (Gill rake) and co-evolution of reproduction. Hemoglobin 
and Constitutive stress protein (Hsp70) Regulation The growth of the lake white fish. In plants, Buckberry et al.
[28]
 
compared the gene coexpression networks of diploid and allopolyploid cotton seeds. It was found that not only the gene 
expression profiles were different, but also the topological structure of coexpression networks were different. The re-
sults suggest that transcriptional structure plays an important role in the process of acclimation. 
2.5 WGCNA and Gene function Notes 
Genome annotation is limited in many species, especially for work and energy. By integrating multiple gene ex-
pression data sets and constructing gene coexpression network, the potential energy of non-functional annotated infor-
mation gene
[29]
 .Stanley et al.
[30]
 to analyze 1,043 microarray data from different chicken tissues and experimental con-
ditions. A total of 15 modules were identified, 
The 10 modules are enriched by specific biological processes. Similarly, Childs et al.
[31]
 analyzed large-scale rice 
transcriptome data and identified 71 coexpression modules, and annotated some unknown genes in rice. These studies 
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suggest that gene coexpression networks can provide functional information for poorly annotated species. Walley et 
al.
[32]
 constructed the gene expression and regulation network of maize at different stages of development using 
WGCNA, and compared with proteome coexpression network, we found that the overlap rate of the two is not high, 
that is, they have certain mutual. Therefore, the integration of mRNA, protein and phosphorylated protein data can im-
prove the predictive performance of gene regulatory networks. 
3. Prospect 
Along with genome-wide level detection techniques such as GWAS, tables 
With the development of genetics, second-generation sequencing, high-precision high-throughput mass spectrom-
eter and metabonomics, the cost of detection is decreasing and the sea volume data is increasing. The traditional data 
analysis method can not meet the needs of analysis. The biological process is not a simple pathway or the addition of a 
single molecule, but a multilevel molecular network with a high organizational structure. Mapping the topology of the 
network is important for understanding biological processes and helping to understand the mechanisms of disease de-
velopment, assessing disease risk and disease intervention and treatment
[33]
 .WGCNA has been optimized and updated 
since its inception, in several studies The field has been widely used. Some people apply it to the analysis of EEG data 
in different regions of the brain, and transform the complex image data into a clear and concise network to find 
new biomarkers
[12]
. In addition, genome-level data are complex and can be reduced to several modules by WGCNA. 
Therefore, the gene module correlation study (Gene module association study,GMAS) can complement the GWAS re-
sults
[34]
, which has been used to study how multiple genes take the form of a module. It works to help understand com-
plex diseases. GMAS first detects the phenotypes of individuals from different genetic backgrounds of the same spe-
cies; builds gene coexpression networks using gene expression profile data; reduces the dimension of tens of thousands 
of genes to a dozen modules. The objective of associating module with phenotype is to find co-expressed genes to ex-
plain complex traits, and that of GWAS is to correlate SNPs with phenotype. In addition, Iancu et al.
[35]
 applied WGC-
NA to RNA-Seq data for the first time. Proteome data were used to analyze the miRNA expression data of gastric can-
cer. We also constructed the gene coexpression network of tumor cell lines. The identified modules are conserved in 
tumor tissues and can be classified into two groups of good or bad prognosi
[37]
. With the development of single-cell 
sequencing technology, WGCNA will also play a role in the analysis of single-cell transcriptional data
[38]
. It has 
even been applied to the analysis of atmospheric PM2.5
[39]
. It can be expected that the application of WGCNA in bio-
medical and related data analysis will It is becoming more and more widespread. 
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